Abstract-SecA is an important component of protein translocation in bacteria, and exists in soluble and membrane-integrated forms. Most membrane prediction programs predict SecA as being a soluble protein, with the exception of TMpred and TopPred. However, the membrane associated predicted segments by TMpred and TopPred are inconsistent across bacterial species in spite of high sequence homology. In this paper we describe a new method for membrane protein prediction, PSSM_SVM, which provides consistent results for integral membrane domains of SecAs across bacterial species. This PSSM encoding scheme demonstrates the highest accuracy in terms of 2 among the common prediction methods, and produces consistent results on blind test data. None of the previously described methods showed this kind of consistency when tested against the same blind test set. This scheme predicts traditional transmembrane segments and most of the soluble proteins accurately. The PSSM scheme applied to the membrane-associated protein SecA shows characteristic features. In the set of 223 known SecA sequences, the PSSM_SVM prediction scheme predicts eight to nine residue embedded membrane segments. This predicted region is part of a 12 residue helix from known X-ray crystal structures of SecAs. This information could be important for determining the structure of SecA proteins in the membrane which have different conformational properties from other transmembrane proteins, as well as other soluble proteins that may similarly integrate into lipid bi-layers.
membrane or vice versa. The second type of integral membrane proteins are embedded membrane (EM) proteins, which insert into the membrane but do not necessarily transverse it. Integral membrane proteins have important and essential functions in biological systems, such as ion channels or receptors. However, because of their hydrophobic nature, the conventional experimental approaches, such as X-ray crystallography or nuclear magnetic resonance cannot be easily applied to determine their 3-D structures. Therefore, computational or theoretical approaches have become important tools for predicting the structures and functions of integral membrane proteins. The predicted structures can then be tested to verify the prediction using biological techniques, such as site-directed mutagenesis and fusion proteins including PhoA, LacZ, and GFP fusions which allow the fused protein to be localized to either the cytoplasmic or periplasmic side of the membranes [1] , [2] .
Traditional prediction methods predict the location of membrane spanning alpha helices. These predictions are mostly based on hydrophobicity scales [3] , [4] . Kyte and Doolittle (KD) [3] assigned a hydrophobicity value to each amino acid in a protein sequence. For each central position in the amino acid sequence, those values were averaged over surrounding residues based on the selected window length [3] . Engelman et al. [4] devised their own hydrophobicity scale based on the observation of how well each amino acid would enter the lipid bilayer from an aqueous environment. Since these hydrophobicity based schemes were introduced, there have been many approaches to improve prediction, such as refining the hydrophobicity scale [5] , [6] , improving the hydrophobicity scales directly [7] , analyzing the transmembrane database statistically [8] , [9] , or applying evolutionary information into the neural network [10] . These current methods for transmembrane prediction have been shown to make reliable predictions on classical TM proteins.
SecA is an important component of Sec-dependent translocation. Traditional TM prediction methods predict SecA as a soluble protein. Thus it has been considered a peripheral protein, which inserts and deinserts into the membrane. However, Escherichia coli SecA exists in two forms: soluble and membrane associated [11] , [12] . Moreover, previous data shows that a significant fraction of SecA integrates into membranes and that this fraction is resistant to chemical extraction, indicating that SecA can act like an integral protein [11] [12] [13] [14] . Furthermore, recent data indicates that Streptococcus pyogenes SecA is localized to and found only in the membrane [15] , [16] .
The function and structure of SecA is based on the soluble form of the protein which has different domains and structures than that of membrane integrated SecA [12] . In recent years two programs, TMpred [8] and Toppred [17] , predict E. coli SecA as having two transmembrane helices at residues 145-165 and 488-508. However, the same modeling programs yield no such results in Bacillus subtilus and Pseudomonas aeruginosa SecAs, even though these bacterial proteins have high sequence identities (40%-45%). A partial explanation for the discrepancy in prediction is that the TMpred and TopPred programs are sensitive to minor variations, suggesting overtraining in the programs. This sensitivity can lead to differences in prediction among similar proteins.
The current prediction programs present some issues in predicting nontraditional membrane proteins, such as SecA, which may not have a stretch of hydrophobic amino acids that are characteristic of membrane integral domains; therefore, these proteins may be characterized as soluble by most prediction software. These data indicate the need for improving the reliability and robustness of membrane protein prediction. An accurate membrane protein prediction program must be able to predict the observed behavior of SecA and SecA like-proteins and must be insensitive to small variations in the protein sequence.
In this paper, we attempt to improve the prediction of SecA integral membrane segments by applying the support vector machine (SVM) [18] . SVM is a modern learning system based on statistical learning theory [18] . The SVM algorithm creates a hyperplane that separates the data into two classes with the largest separation between them. The SVM algorithm produces a maximum margin classification. In computational biology, the SVM has outperformed most other learning systems, including neural networks in most pattern recognition problems such as protein remote homology detection, microarray gene expression analysis, protein structure prediction, prediction of protein-protein interactions, and peptide identification from mass spectrometry data [19] . The SVM has three outstanding features [20] . First, it can effectively avoid over-fitting with the use of structural risk minimization. Second, the formulation can be simplified to a convex quadratic programming (QP) problem, which means the training can certainly converge to a global optimum. Third, for a given data set, information can be condensed while training without losing useful information [20] . Recent research extracts the embedded information from the trained SVM in the form of symbolic rules [21] .
The SVM system provides consistent data for SecA integral membrane prediction across bacterial species, specifically those that share high sequence homology. The SVM program was applied to five SecA proteins whose membrane-bound structures are unknown, however, the structures of the soluble forms of B. subtilus [22] and Mycobacterium tuberculosis [23] are known. The performance was compared with the predictions of TMpred [8] and TopPred [17] and the information of the Swiss Prot database [24] . For the validation of this prediction scheme, blind tests were done with Escherichia coli SecE and SecY TM proteins whose structural information in the membrane is available [40] ; [25] . Based on the predictions of the initial blind test set of five SecA proteins, 223 SecAs were selected for a larger blind test set and the prediction results were evaluated. The SVM system of prediction gave consistent results for almost all of the 223 SecA proteins, as well as known transmembrane proteins, indicating the SVM system is accurate and reliable for predicting integral membrane regions in nontraditional and traditional membrane integral proteins.
II. MATERIALS AND METHODS

A. Support Vector Machine
The realistic data have a complicated and nonlinear relationship between class and the parameters that describe the data. The application of the SVM with a linear separation is of relatively little value. However, the SVM can be generalized to complicated spaces by using a nonlinear kernel. The kernel is used to map the data in an arbitrary manner so that it can be resolved into separable classes. Clearly, the choice of kernel is critical to the success of the SVM. This work uses a radial basis kernel since it was optimal when used for secondary structure prediction [20] , [26] , [27] . (1) where and are two input vectors containing different feature values and is the radial basis kernel parameter. Radial basis kernels depend on a numerical representation of the input data. Defining an optimal representation of the sequence data in a numerical space is a critical step in determining an effective kernel (see supplement). An otherwise optimal kernel cannot rescue poor choices of this representation, yet an optimal choice will work even with a linear kernel. Based on the above radial basis kernel function, the final nonlinear hyper plane decision function has the form sign (2) where are the support vectors, SV is the number of support vectors, is the kernel function, are the Lagrange multipliers, and is the bias term.
The SVM software was used to implement the SVM (http://svmlight.joachims.org/). Each individual coding scheme was independently applied for training the SVM. Calculations were carried out on a Dell 4CPU 1.9 GHz Xeon using a hyper threading Linux kernel (version 2.4.18smp-Dell installed Red Hat 8.0).
B. Data Sets
In this study, two data sets given by Rost et al. [28] were adopted and these are labeled as 165 low-resolution and 36 high-resolution data set. According to Rost et al., the 165 protein set is expert-made set from the Swiss-Prot database which was originally collected by Möller et al. [29] . The authors also mentioned that there was reliable information about topology only for 140 proteins out of 165 proteins. The 36 high-resolution data set is collected from the PDB database. Here, the low-or high-resolution means that low-or high-resolution experimental evidence about localization is available.
The test method with these data sets is a sevenfold crossvalidation test [30] , [31] . In the sevenfold cross-validation test, the whole data set is divided into seven subsets. Among those seven sets, one subset is used for testing and the remaining six subsets are used for training. This process is repeated until all the subsets are applied for testing.
For blind tests, five different groups of proteins were applied. The first group is 223 SecA proteins which are obtained from the Swiss-Prot (release 45.5) and TrEMBL (release 28.5) database [32] with the keyword "preprotein translocase secA." With the same approach, the second group of 174 SecE proteins and the third group of 238 SecY proteins were obtained. The fourth group consisting of 503 TM proteins were obtained from the same database with the feature keyword "transmem" and by filtering out the proteins which have "possible," "potential," or "probable" transmembrane segments in their feature description. The last group is 645 soluble proteins which are employed by Krogh et al. [33] as nonmembrane proteins to test the discrimination between membrane proteins and other proteins. The authors made this dataset available at the Web address http://www.cbs.dtu.dk/~krogh/TMHMM/ [33] .
C. Encoding Scheme Optimization
Three different encoding schemes, including hydrophobicity matrix, the combined orthogonal and Blosum62 matrix, and PSSM were tested with the 165 low-resolution data set by the sevenfold cross-validation test.
In hydrophobicity coding the difference in hydrophobicity as measured in the Radzicka and Wolfenden scale [34] was used to represent amino acids. These index values are as follows:
Our hydrophobicity matrix is formulated based on the above values, and by using the following function:
Hydrophobicity matrix abs Hydrophobicity Index Hydrophobicity Index (3) where the denominator 20 is used to convert the data range into [0, 1] since SVM feature values are within this range. According to the above function, Hydrophobicity_matrix [2] , [3] means the absolute value of the difference of the hydrophobicity indices of two amino acids, for example, ( 14.92) and ( 6.64). With the range adjustment, it becomes 0.414. Based on this method, we can get the 20 20 hydrophobicity matrix. This matrix value is fed into the SVM using the sliding window method. In the sliding window method, a window becomes one training pattern for predicting the structure of the residue at the center of that particular window. And in this training pattern, the information of neighboring residues can be embedded as a feature value. In orthogonal coding each amino acid is represented as an integer between 1 and 2 where an individual bit was set to 1 for each kind of amino acid. Since each kind of amino acid differed by two bits from every other this encoding can considered equal tempered. In Blosum coding each amino acid was represented with its column from the BLOSSUM62 amino acid replacement cost matrix. It was expected that this would partially account for the structural conservation of the residue upon replacement. Since each of these coding schemes captures different aspects of the properties of the amino acids combinations were also tested where two different encodings were concatenated. Since the combined coding showed a better performance than the orthogonal or the Blosum62 coding taken alone, it was adopted for training the SVM.
As the last encoding scheme, the position-specific scoring matrix (PSSM) generated by PSI-BLAST was tested. This coding uses position-specific scores for each position in the alignment. Highly conserved positions have high scores and weakly conserved positions have low scores close to zero. This scheme was originally used to perform the prediction of protein secondary structure by Jones [35] as an encoding profile for his neural network.
D. Window Size Optimization
The above encoding schemes are applied to the SVM using the sliding window method. With this sliding window method, the prediction at an individual position is determined by the adjacent residues in a window around that position. To find the optimal window size, different window lengths ranging from 7 to 21 residues were tested.
E. Parameter Optimization
The radial basis function (RBF) kernel parameter (1) was optimized based on the previous studies [20] , [36] . In addition to the kernel parameter, the cost factor , which is a constraint on the maximum size of an individual support vector, was determined. The optimal parameter pair of and was selected by testing different pairs with the 36 high-resolution data set.
F. Prediction Accuracy
The performance of the prediction scheme is evaluated with two different measures. The first one is the most commonly used two-state overall percentage measure, . This measure is also called per-residue accuracy and defined as shown in the equation at the bottom of the page.
number of residues predicted correctly in protein number of residues in protein ( The second measure is the per-segment accuracy which is the percentage of correctly predicted TM segments number of correctly predicted TM in dataset number of TM observed in dataset (5) number of correctly predicted TM in dataset number of TM predicted in dataset (6)
G. Reliability Index
In the machine learning approaches, the reliability index (RI) is commonly used to describe the prediction reliability [20] , [26] , [37] . The RI describes the distance from a prediction and the separating hyperplane. Large values for RI correspond to predictions (either positive or negative) where the SVM makes a strong prediction, and small values correspond to areas where the prediction is less certain. We defined RI based on previous research [20] , [26] as follows:
where is the distance of the test data in state [ (transmembrane) or (not transmembrane)] from the separating hy- perplane. Since most values of our result are within the range of [0, 2.5], this range is divided into 10 to assign the RI values from 0 to 9. This places the RI into a defined and standard measure that can be compared with other work.
H. Validation of Prediction
The initial blind test was done with E. coli SecE and E. coli SecY TM proteins where locations of TM segments are already known. As another preliminary blind test, five different SecA proteins were tested and compared with the prediction results of TMpred and TopPred. These five SecA proteins were chosen because they share a high degree of sequence identity and similarity (40%-45% identities), even though there is no known structural information about the TM/EM segments in some of these proteins. To verify the predictions for five SecA proteins, 223 SecA proteins from the Swiss-Prot and TrEMBL database were tested. One hundred seventy-four SecE proteins and 238 SecY proteins from the same database were also tested. Other blind test sets, such as 503 TM proteins whose structures are already known, and 645 soluble proteins were also applied for validation.
III. RESULTS
A. Optimization
Among the three different encoding schemes, including hydrophobicity matrix, the combined orthogonal and Blosum62 matrix, and PSSM, PSSM scheme records 91.3% accuracy and it has the highest accuracy [Table I(a)].
Among different window lengths ranging from 7 to 21 residues, window size of 13 was selected as the optimal window size based on the result of Table I(b). The optimal parameter pair of and was selected by testing different pairs with the 36 high-resolution data set [ Table I(c)] . The values of and were optimal and this pair was selected as the optimal parameters for training of SVM with the larger data sets.
B. Reliability Index
The RI [20] , [26] , [37] was obtained based on the dataset of 165 low-resolution proteins [ Fig. 1(a) ]. As can be observed from the figure, each RI value can be mapped into its own confidence level.
For example, if we focus on the residues with RI of 3 among the whole predicted residues, about 90% of them are correctly predicted. Therefore, we have 90% confidence about the predicted residue if it has the reliability index of 3. In Fig. 1(b) , the percentage of amino acid residues having a particular reliability index is presented. For example, out of all the residues, 11% of them have the RI of 3 and 10% of them have 7. The data show that the coverage is close to the normal distribution based on the different reliability index values.
C. Prediction of Embedded Membrane Domains of SecA
Bacterial SecA proteins are considered as soluble proteins in the traditional Kyte and Doolittle method [3] . However, E. coli SecA has been shown to integrate into membranes [11] , [12] , [16] and TMpred [8] and TopPred [17] programs predict two transmembrane domains in this protein at amino acids 145-165 and 488-508. Both TMpred and TopPred programs predict TM regions with 20 amino acid residues but do not present consistent results (Table II) for all SecA proteins, even though these proteins share a high degree of sequence identity (40-45% identities; see Fig. 2 ). In this study five different SecA proteins were tested with the PSSM_SVM program and compared with the prediction results of TMpred and TopPred, and the information from Swiss Prot database. The PSSM_SVM scheme identifies similar locations of embedded membrane (EM) segments for all five SecA proteins (Table II) and this result is highly consistent (Fig. 3) . Among the predicted results of five different SecA proteins, the domain of Mycobacteria tuberculosis (108-130 in TMpred, 108-128 in TopPred) matches with the result of PSSM_SVM, although the lengths are different (Table II ). Another important observation from this preliminary blind test is the predicted length of amino acid residues in each segment with the PSSM_SVM scheme. It predicts an 8-9 amino acid long segment, LTATLPAYL, for all five SecA proteins (Table II, Fig. 3 ). This result is quite interesting since most transmembrane helices are 15-30 residues long. The segments of 8-9 residues appear to be too small for classical TM proteins. However, SecA proteins are known to have different properties from other TM proteins. SecA is considered a soluble protein; however, upon interacting with lipids it becomes integrated into the membrane [13] . The short predicted segments should not be considered as noise because experimental data strongly indicate that there exists an integral membrane region between amino acids 1-239 for SecA proteins [11] .
To validate the predictions of five SecA proteins, all 223 SecA proteins from the Swiss-Prot and TrEMBL database were tested with PSSM_SVM. The predictions of all 223 SecA proteins are shown in Fig. 4(b) , where the locations of embedded membrane segments are illustrated. As can be observed from Fig. 4(b) , 193 out of 223 proteins are predicted with consistent embedded membrane regions. We examined ten extreme outliers, including those in chloroplasts [ Fig. 4(b) ], where the predicted SecA residues lie outside of the main region around residue 100. Interestingly, similar amino acid sequences were detected even though the EM segment is located at various regions (data not shown). These data imply that most of SecA proteins have short segments which probably cannot completely span from the external to the internal surface of the membranes. These observations suggest that SecA may have different structural properties than those of traditional TM proteins, indicating that SecA proteins embed into membranes as opposed to completely transversing the membrane. (Table II) ; yellow indicates the SecA TMpred/TopPred N-terminal TM predicted region. Fig. 3 . Prediction curves of five SecA proteins. The segment which has above "0" in decision function value belongs to the EM region. In this figure, this region corresponds to 108-118.
We next compared the predicted lengths of EM region of 223 SecA with those of 645 traditional soluble proteins to determine if other proteins considered as soluble had similar prediction patterns to that of SecA. No such distinctive pattern, as seen in SecAs, was observed [ Fig. 4(a) ]. Thus, the traditional soluble proteins as a whole did not show a distinct predominance of the eight-residue pattern.
D. Correlation of SecA X-ray Crystal Structures and Molecular Models
SecA structural models of B. subtilus, M. tuberculosis, and E. coli were visualized using Rasmol molecular imaging software [38] . The x-ray crystal structures for the soluble forms of SecAs of both B. subtilus [22] and M. tuberculosis [23] have been determined and provide the experimental structure of the proteins. The crystal structure of E. coli SecA has not yet been elucidated; therefore, we used the AMMP program [39] to predict the protein structure using B. subtilus SecA as a template. B. subtilus SecA shares 48.9% identity with E. coli SecA (Fig. 2) . E. coli SecA structure was modeled as most biochemical data for SecA has been reported using E. coli strains. The structural analysis indicates that for B. subtilus, M. tuberculosis, and E. coli an alpha helix is formed at the predicted embedded membrane region (Fig. 6, Table II ). These data support the PSSM_SVM prediction as alpha helices are thought to be the most common motif for membrane proteins. The predicted TM regions are 8-9 amino acids in length; however, the alpha helices formed in these regions are 12 amino acids in length (Table II) . Moreover, there are several arginine and lysine residues surrounding the helix (the helix consists of amino acids LTATLPAYL) that would provide the stabilizing interactions with negatively charged lipid bilayers. This phenomenon suggests that the PSSM_SVM predicted embedded membrane region forms the core of the alpha helix and that the PSSM_SVM program contains stringent parameters for TM and embedded membrane segment predictions. Conversely, the PSSM_SVM program predicts known TM regions in SecY and SecE (Table III) as having full length transmembrane domains of 20 amino acids, which underscores the unique nature of the SecA, predicted embedded membrane regions.
E. SVM in Comparison With Other Prediction Schemes
The SVM has superior features as a learning machine; therefore, it was adopted for our prediction scheme. The data for training the SVM were represented with PSSM profile. To assess the performance of our PSSM-SVM prediction scheme, the accuracy of this program was compared with other prediction schemes using per-residue accuracy ( ) and per-segment accuracy (Table IV) . The accuracy values of other schemes are obtained from the table of Chen et al. [28] . It should be noted that contrary to the PSSM_SVM result, the numbers of other schemes are not from the cross-validation test; some methods may have applied the same proteins for both training and testing [28] . In Table IV , the PSSM_SVM scheme shows the best performance in accuracy among the common prediction methods; the accuracy is 1% higher than the best schemes. Considering the fact that this result is from the cross-validation test, the difference could be larger when compared under the same conditions. For per-segment accuracy, PSSM_SVM shows the performance as good as the best scheme in the table (PHDpsiHtm08). In the last row, the PSSM_SVM prediction result with the 503 TM blind tests set is shown to confirm the prediction power of this scheme. Since this result is obtained from a different data set, no direct comparison can be made with other methods. However, when compared with the PSSM_SVM result with 165 low-resolution data set, it showed consistent results. 
F. Validation of Prediction of Transmembrane Domains
The SVM prediction scheme was validated by testing E. coli SecE [40] and E. coli SecY [25] transmembrane proteins where the locations of TM segments are already known. The predicted locations of TM segments of E. coli SecE and E. coli SecY were compared with the Swiss-Prot [24] database and TopPred [17] results (Table III) . The results show that the PSSM_SVM scheme can predict the number of TM segments of these two proteins exactly and predict the location of TM segments almost precisely.
We then tested 503 TM proteins, 174 SecE proteins and 238 SecY proteins (Fig. 5) . As can be observed from the figure, the range of the number of amino acid residues in each segment usually falls between 13 and 26. These data indicate that the PSSM_SVM system is capable of predicting traditional transmembrane proteins, which are known to have 15-30 residues long TM segments, with good accuracy.
G. Discussion
In this study, we have improved the prediction of transmembrane and embedded membrane segments by applying the SVM. The SVM was trained efficiently with optimization of three different parameters: encoding scheme, sliding window size, and kernel parameter (see supplement). The results show that the PSSM encoding scheme exhibits the highest per-residue accuracy when compared with the accuracy of the previous studies. For per-segment accuracy, PSSM_SVM performs as well as the best previously published scheme. In evaluating the performance, consistency when applied to different datasets is as important as accuracy. We chose five independent blind test sets including 503 TM proteins, 223 SecA, 174 SecE, and 238 SecY, and 645 soluble proteins to verify our system. The results obtained from these different blind sets were mutually consistent.
The blind test results with E. coli SecE, E. coli SecY and 503 TM proteins prove that our PSSM_SVM scheme is reliable. Another blind test with 223 SecA proteins predicts the presence of eight or nine residue long segments which are shorter than the usual transmembrane segments. If we include the residues which were classified as a nonembedded segment with low reliability index 0 through 2, the length of EM region becomes 12 (The segment with more than 0.5 RI in decision function value in Fig. 3 ). Since SecA proteins are known to have special conformational properties that are different from other transmembrane proteins these results could be an important clue for the computational modeling of SecA proteins.
There are biochemical data to show that E. coli SecA contains amino-terminal, central, and carboxyl-terminal regions that are either exposed to the periplasm or integrated into the membrane [11] ; [12] , [13] , [16] . The alignment profile for SecA (Fig. 2) shows that the PSSM_SVM predicted embedded membrane regions are highly conserved, indicating the structural and/or functional importance of this region. Interestingly, regardless of the conservative nature of this region among the five bacterial species, none of the other existing tested TM prediction programs gave consistent results for SecA TM segments (Table II) . Both TMpred [8] and Toppred [17] programs predict SecA TM regions with 20 amino acid residues in E. coli and M. tuberculosis (Table II) (Fig. 6) . The TMpred and TopPred programs predict TM regions in E. coli at amino acids 145-165 and 488-508; these data are consistent with biochemical, physiological, and structural data that E. coli SecA integrates into membrane [11] , [12] , [13] , [16] . However, in the E. coli SecA structure this region is composed of short helical regions (Fig. 6 ). This structure is not characteristic of TM segments, although it is moderately composed of hydrophobic amino acids. The alignment profile for SecA (Fig. 2) shows that the TMpred and TopPred predicted TM region of 145-165 is highly variable, indicating that it may not be structurally or functionally important for SecA activity. A structure similar to that of E. coli SecA, in the 145-165 region, is also seen in M. tuberculosis SecA TMpred and TopPred predicted TM region 108-130 (Fig. 6) ; interestingly this region includes the 12 amino acid alpha helix, which contains the core helical region predicted by PSSM_SVM (110-117). TopPred also predicted a TM domain at residues 826-846 of M. tuberculosis; however, this region is not observed in the crystal structure. It is worth noting that the predictions of TMpred and TopPred to have 20 amino acids spanned the membranes for SecA would make it difficult to envision why there would be a soluble form of SecA. This study predicts a consistent domain of 8-12 for all SecAs, allowing the existence of both a soluble form and an integrated form of SecA when interacting with lipid bilayers.
SecA proteins are normally soluble; however, when they interact with the membrane they change their conformations and become integral membrane proteins. When this information is combined with the prediction result of eight to nine residue segments that are a part of the 12 residue helices, the structure of SecA protein could be more like that of an integral membrane protein which is partially embedded in the membrane instead of completely crossing the membranes. In the soluble form of the protein, which is the form that was crystallized, this helix is buried in a complimentary pocket formed by the rest of the protein. However, a small adjustment in the peptide backbone by moving a few amino acids may be sufficient to move the N-terminal domain into an extended conformation and expose the putative membrane-binding region (A hypothetical model for the interaction of SecA with membrane has been proposed with B. subtilus SecA; see Appendix Fig. 7) . However, to verify this inference, topology prediction of the nonembedded membrane domain should be applicable with the prediction of EM Fig. 6 . B. subtilus SecA, M. tuberculosis, and E. coli SecA models visualized by Rasmol. The PSSM_SVM predicted regions are indicated in red; the residues not predicted but completing the 12 amino acid helices are indicated in blue (Table II) ; TMpred and TopPred prediction are indicated in yellow (Table II) . Two different views of the structures were chosen to show the helices clearly. Fig. 7 . B. subtilus SecA in backbone presentation. Hypothetical model for exposure of B. subtilus SecA in backbone predicted membrane embedded region. The predicted region is a helix that is protected from water in the soluble form, however, upon interaction with lipids a simple rotation round the C 0 C bond of residue 120 will expose the helix to embed into the membranes.
domains. If both the adjacent nonembedded membrane domains of EM segment are predicted to be at the cytoplasm, the previous inference of membrane-embedded SecA structure would be more plausible. In this regard, several soluble proteins were found to have eight or more residues detected by the current PSSM_SVM method [ Fig. 4(a) ]. These proteins include several oxidoreductases and lyases. It is possible that the PSSM_SVM predictions suggest that some of these proteins become membrane-embedded proteins once they interact with lipids, just like SecA. Indeed, type II ND(P)H: quinone oxidoreductases previously identified as soluble proteins have been implicated as having TM regions which anchor to the membrane via alpha helices parallel to the plane of the membrane, but it could be an embedded domain predicted here [42] . Whether the predicted segments are meaningful remains to be validated experimentally.
APPENDIX
A. Hypothetical Model for B. subtilus SecA Integration Into Membranes
A hypothetical model of B. subtilus SecA protein was set up to explain the possible structures of soluble and membrane-embedded SecA based on the prediction result of PSSM_SVM. As can be seen from Fig. 7 , the short stretches of residues, predicted by PSSM_SVM to be membrane associated, form a short helix near the junction between the N-terminal domain and the rest of the protein. In the soluble form of the protein this helix is buried in a complimentary pocket formed by the rest of the protein. However, a small adjustment in the peptide backbone formed by moving the torsion angle of an amino acid, for example, Threonine 120, is sufficient to move the N-terminal domain into an extended conformation and expose the putative membrane-binding region for integration into lipid bi-layers (Fig. 7) . This model was generated using the AMMP program [39] .
